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Abstract

This paper presents a multiple templates matching algorithm
based on feature space trace, which is used in speaker
recognition. It extracts the cepstrum coefficient as feature
parameter. We normalize the sequence of feature parameter
based on feature space trace. The fuzzy c-means method is
adopted in generating the multiple templates and the multiple
matching method is applied to match the templates.
Experiments show this method is a robust, high recognizable
and valuable way to implement text-dependent speaker
recognition.

1. Introduction

Speech recognition is an active research issue in signal
processing and computer intelligent input fields in recent years.
Speaker recognition is an important branch in speech
recognition. It comprises speaker identification and speaker
verification. According to the text in recognition, it can be
divided into text-dependent and text-independent. Now, text-
independent speaker recognition is still not widely applicable
[1]. This paper discusses text-dependent speaker recognition,
it can be used in speaker checking, criminal searching, robot
application, medical application and so on.
At present, many methods have been presented which can be
used in speaker recognition such as those based on DTW
(Dynamic Time Warp) and HMM (Hidden Markov Models)
[2][3]. But their disadvantages are a large amount of
computation and long training time. This paper presents a
multiple templates matching based on feature space trace. It
extracts the cepstrum coefficient as feature parameter. We
normalize the sequence of feature parameter trace based on
feature space trace. The fuzzy c-means method is adopted to
generate the multiple templates and the multiple matching
method is applied to match the templates. Experiments show
this method is a robust, high recognizable and valuable way to
implement text-dependent speaker recognition.

2. Time Normalization Based on Feature Space Trace

In real situation, even the same person pronounces the same
word, the length of speech signal is not same. In order to
resolve the problem of the different length between input
pattern and template pattern, traditional method is DTW in
speech recognition based on template matching. But its
drawback is a large amount of computation. Feature space
trace normalization method was adopted on speech
recognition and got high recognition ratio [4][5]. In this paper,
we propose the time normalization based on VFR (Variable
Frame Rate) according to the characteristic of speaker
recognition.

2.1. The Fundamentals

Let R be standard pattern, and X be test pattern.They are both
time sequences of p-dimension feature vector.

R�R(t) = ( R1(t), R2 (t), …, RP (t) )T
� (0 ≤t ≤Tr)

X�X(t) = ( X1(t), X2 (t), …, XP (t) )T
� (0 ≤t ≤Tx)

As illustrated in Fig. 1, the fundamental conception of DTW is
finding a time warping function tr(tx). Through this function,
we can nonlinearly map the time axes tx of test pattern X to the
time axes tr of standard pattern R, and make the relative
distance least. Except the change of time axes, if there are no
other factors, the relative distance of X and R should be zero in
ideal condition.

X(tx) = R(tr(tx)) (1)

On the other hand, from mathematics view, X(tx) (0 ≤tx ≤Tx)
and R(tr) (0 ≤tr ≤Tr) are two trajectories in the p-dimension
feature space. If X(tx) and R(tr) meet the equation 1, the two
trajectories should be the same one.
if sx = sx(tx) presents the length of X(tx) which is from start
point to tx, dsx presents the minute length, then:
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if dsx�0, then we can get inverse fuction of equation 2;

tx = tx(sx) (3)

Considering the extraction of the new feature point X’(sx), we
can define X’(sx) as:

X’(sx) ≡ X(tx(sx)) (4)

Also, we can define R’(sr) as:

R’(sr) ≡ R(tr(sr)) (5)

From equation 1, 4 and 5, we get

X’(sx) = R’(sr) (6)

According to the trace stablity, sx = sr (= s)�the equation 6
can be changed into:

X’(s) = R’(s)
(0 ≤ s ≤ S; S: the length of trajectory) (7)

The equation 7 shows that under the ideal condition, the new
feature vector X’(S) and R’(S) generated from the feature
vectors X(tx) and R(tr) are the same. This is the fundamental
theory of time normalization based on feature space trace.
In order to normalize the sequence of speech feature vector,
we can sample it again at equal intervals along the trace in the
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feature space as shown in Fig. 2. Because the obtained new
sequence of feature vector has already been made regular by
the time axis, we can use a linear matching. As a result, the
amount of the calculation can be greatly reduced.

Figure 1: Conception of Time Warping.

Figure 2: The time normalization based on speech trace.

2.2. Estimation of the Speech Trace

The key of time normalization based on feature space trace is
how to correctly estimate trace. Because the feature vectors is
discrete in time and besides the effection of voice speed, also
affected by many other factors, so the spectrum characteristic
is changing during this section which we call this section
quasi-stable area, as what is showed in Fig. 2. In order to
enhance the accuracy of the trace, first we should divide frame
according to the little frame period in order to enhance the
density of feature point in non-stable area, second we should
prune the feature points in the quasi-stable area, namely, we
keep some points which can reprensent the charactristic of the
trace and delete other feature points. This paper presents a
speech trace pruning method based on VFR (Variable Frame
Rate). The method of VFR prunes the frames on the time axes
[6]. That is to say when the voice signal changes quickly, the
feature vectors are greatly different and we will keep them.
When the voice signal changes smoothly, the feature vector is
similar, then we will prune several frame vectors. In one word,
adopting the VFR can realize the pruning of feature vector in
quasi-stable area.

2.3. The Algorithm of Time Normalization

The algorithm of speech trace normalization based on VFR is
listed as following:

(1) Set the number K of trace division;
(2) Divide the frame by little frame period, calculate

the feature vector of every frame;

(3) Apply VFR to feature vector time sequence to
delete similar feature point in quasi-stable area;

(4) Use straight line to connect the points according
to their label from the start point, then calculate
the length of the trace;

(5) Let L=S/K, make a flag i (i=0,1, ..., L) from the
start point along the trace and use linear method to
generate the new feature vectors till the end point.
Xi (i = 0, 1, …, L) is the feature vector sequence
which has been normalized.

3. Multiple Templates Generation

Time normalization based on feature space trace resolves the
problem of matching different length of speech. But besides
the effect of time, the speech is affected by the health and
emotion. So even if the same person pronounces the same
word, the sound charactristic is changed. In speech-
independent recognition, multiple templates method used to
absorb the difference of pronunciation of same word and got
the good effect [4][5][7]. In speaker recognition, we use the
same method to absorb the difference of pronunciation which
is generated by one speaker . This paper uses the fuzzy c-
means method [8] to generate multiple templates. In this
method, we consider every training sample function to the
template, but in the traditional clustering algorithm, we only
consider several training samples, so using fuzzy clustering
method can enhance the robusty of system.
This paper uses Fuzzy C-Means algorithm to generate the
multiple templates of certain person.
This algorithm is listed as follows:

First define some variables :

Feature vector:

X= (x1, x2, …., xp) ∈ Rp

Feature pattern:

x ={X1, X2, …., XJ};

(J: the number of frame)

The set of training samples:

X },...,,{
21 xxx N

=
(N: the number of samples)

Clustering number: C, 1 < C < N

Membership function:

]1,0[);( ∈≡ uxuu giiggi
;

(g = 1, 2, ..., C; i = 1, 2, ..., N)

Fuzzy division matrix of X :

);(ugi
U =
(g = 1, 2, ..., C; i = 1, 2, ..., N)
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Cluster center:

=vg
{Vg1, Vg2, …., Vgp} ∈ Rp

(g = 1, 2, ..., C)

The set of cluster center:

},...,,{
21 vvv C

V =

(1) Set the clustering number C, fuzziness m and
convergent judgment value ε.

(2) Initialize the fuzzy division matrix U�0�

(3) Calculate the cluster centervg
:
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(g = 1, 2, ..., C)

(4) Update the fuzzy division matrix U(b+1)
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(g = 1, 2, ..., C; i=1, 2, ..., N)
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(5) If || U(b+1) - U(b) || <=ε then stop, else change
to step 3.

4. Experimental Results and Discussion

4.1. Experimental Results

The pre-process of speech signal consists of digital sampling,
frame division and window adding. Here, sampling rate is
11.025KHz, the quantization is 16 bit and the length of frame
is 20ms, the period of frame is 10ms, window function is
Hamming window. The speech data is composed of 10 persons
(5 males and 5 females). Everyone should read four Chinese
words ten times, which are “da3kai1”, “li2kai1”,
“jie1xian4yuan3” and “diao4yong4”. After one month, they
are requested to read the same context again. In this
experiment, we use FFT cepstrum coefficient as character
parameter.
After extracted feature, the files were normalized by time
normalization based on feature space trace. The templates are
created according the content. We cluster m training models to
c templates (m = 8, c = 3 in this experiment).
During identification, according to the content, we compare
the test speaker pattern with every person’s multiple templates,
the person whose distance is the minimal is the speaker.
During verification, according to the content and the person’s
name, we compare the test speaker model with the name’s
templates and calculate the distance. If the distance is less than
the threshold, it is verified, else reject.

We use eight of ten speech files to generate templates, the
other two are used to test. There are ten persons. The number
of test file is 20. The result is shown in Table 1.
As shown in Table 1, this method has good effect in
identification and verification.
Then we use the speech data, which is recorded one month
later, we took two out of ten as test files, the result is shown in
Table 2.
From the above table, we can see the identification rate and
verification rate dropped down because of the time difference.
We had the existing templates trained again by using the
learning algorithm. We use four speech files to modify the
current templates. The other two are used as test files. The
result is shown in Table 3.

Content Identification Verification
/Diao4/yong4/ 100% 100%
/Jie1/xian4/yuan2/ 100% 100%
/Li2/kai1/ 100% 100%
/Da3/kai1/ 100% 99.0%

Table 1: The result of identification and verification.

Content Identification Verification
/Diao4/yong4/ 95.0% 98.5%
/Jie1/xian4/yuan2/ 100% 99.0%
/Li2/kai1/ 95.0% 99.0%
/Da3/kai1/ 90.0% 96.5%

Table 2: The result of identification and verification (one
month later).

Content Identification Verification
/Diao4/yong4/ 100% 99.5%
/Jie1/xian4/yuan2/ 100% 99.5%
/Li2/kai1/ 100% 100%
/Da3/kai1/ 100% 97.0%

Table 3: The result of identification and Verification (the
templates are modified).

We can see from above tables that the method’s recognition
rate is highly improved because of learning.

4.2. The Validity of Fuzzy Clustering

To testify the validity of fuzzy clustering, we compare the
performance of templates generated by fuzzy clustering and
the performance of templates generated by hard clustering.
The hard clustering templates are generated by k-means
method. In this paper, we use “different value” as comparison
criterion, which is calculated by subtracting the average
distance of the same person from the average distance of other
persons. The bigger the difference, the better the performance
of this system has.
In this paper, we use the eight normalized files as input voice
data, then use fuzzy c-means and k-means methods to generate
templates, the number of templates is 2, 3 and 4. Two of test
files were recorded as the same time as the template files, and
the other two were recorded one month later. The result is
shown in Table 4.
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From Table 4, the following tendencies are seen. When the
number of templates increase, the performance of hard
clustering and fuzzy clustering are near. But if the number of
templates is small (2 or 3), fuzzy clustering is better than hard
clustering.

Number of
templates

2 3 4

(1) 128.0 128.2 158.8
(2) 241.0 247.0 255.7

K-means

(3) 113.0 113.8 96.9
(1) 124.2 121.3 151.2
(2) 252.6 237.5 252.2

Fuzzy
C-means

(3) 128.3 116.3 101.0

Table 4: The performance of hard clustering and fuzzy
clustering.
In this table:

(1) Means distance between the person and the same
person’s template.

(2) Means distance between stranger and the person’s
template.

(3) Means different value between (2) and (1).

5. Conclusions

Through the experiments we can draw such a conclusion: the
multiple matching based on feature space trace method is a
valuable and practical method that could be used in speaker
identification and verification. Trace normalization resolved
the problem of the difference of voice length. Fuzzy
clustering can solve the variety of speaker’s voice
characteristic. It is more robust than hard clustering.
Through simple learning and modifying templates, we can
improve the performance, which is worsen by the variation of
speaking time and enhance the robust. We will enlarge the
experiment range and change the learning algorithm to
improve the self-adaptive ability.
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